ABSTRACT A partial shading condition is an environmental phenomenon that causes multiple peaks in Photovoltaic (PV) characteristics. Introducing robust and reliable Maximum Power Point Tracking technique is essential in PV systems to extract the Global Maximum Power Point (GMPP) irrespective of the environmental conditions. Therefore in this manuscript, a novel optimization algorithm is implemented for MPPT. The developed technique named Chaotic Flower Pollination Algorithm (C-FPA) merges the chaos maps (Logistic, sine, and tent maps) to tune the basic algorithm parameters adaptively. The effectiveness of the introduced variants is proved using several patterns of partial shading condition. Moreover, these variants are certified for tracking the GMPP in case of dynamic and sudden variation in the irradiance conditions. Several statistical analysis is carried out to evaluate the performance of the proposed variants in comparison with the standard version of the Flower Pollination Algorithm (FPA). The significant outcome clarifies that combining the chaos maps with FPA improves the dependability and stability of the FPA and offers higher tracking efficiency with a reduction of tracking time by 50% when compared to FPA. Moreover, the proposed C-FPA provides a better dynamic response, especially with the tent chaos map.
I. INTRODUCTION
Increase in energy demand and the depletion of nonrenewable energy resources brings a new challenge to the power industry sector. Solar energy is highly popular due to its wide range of features like minimal maintenance, noisefree, environmentally friendly, and abundant in nature [1] . Additionally, the installation costs of PV plants are reducing due to the rapid growth in PV technology [2] . However, solar PV has limitations and challenges due to its non-linear nature, low output power efficiency, life span, and power generation that mostly depends on climatic conditions like irradiation and temperature. The effect of partial shading and power
The associate editor coordinating the review of this article and approving it for publication was N. Prabaharan.
generation of a PV system under various shade conditions are clearly explained in Section II-A. To enhance its efficiency, various researchers introduced maximum power point extraction techniques, to extract the maximum power by operating a non-linear system at a unique operating point widely known as a maximum power point (MPP). With this inspiration to provide a solution for partial shading condition, the massive number of maximum power point extraction techniques have evolved. MPPT can be broadly categorized into two types, namely hardware based reconfiguration MPPT techniques, and firmware based MPPT techniques.
The hardware-based reconfiguration techniques comprise of PV array reconfiguration [3] , [4] , differential power processing (DPP) [5] and DC optimizer methods [6] . Although these methods show excellent performance, there are limitations such as it requires additional switching devices, skilled persons, and long cables to avoid crossing between PV modules [3] . DPP and DC optimizer methods require a high number of DC-DC converters to control the generated power and difference of power between various PV modules [7] . On the other hand, firmware-based MPPT techniques were widely developed and implemented to achieve GMPP without any additional switching units and sensors. Thereby, it reduces system cost and easy to implement. These methods are classified into three major types, namely traditional, evolutionary based algorithms, and artificial intelligence methods.
The traditional MPPT techniques [8] suffer from weak convergence, settles at LMPP during shade conditions and generates oscillations around MPP. Also, these methods are only suitable for uniform irradiation conditions [9] . To tackle these drawbacks and to track MPP even under any irradiation, numerous authors developed soft computing techniques using artificial intelligence or bio-inspired techniques.
The bio-inspired algorithms have been widely used due to their extensive features like, solving non-linear multi-model optimization problems effectively, with faster convergence rate, quick response with a wide range of exploration in the search which guarantees to track the GMPP under any environmental conditions [10] . The well-known algorithms developed in recent years for the application of MPPT are Bat algorithm [11] , moth-flame optimization (MFO) algorithm [12] , flower pollination algorithm (FPA) [13] , nonlinear backstepping method [14] , golden search-based method [15] , Fireworks algorithm [16] , wind-driven optimization (WDO) algorithm [17] , mine blast optimization (MBO) and teaching learning-based optimization (TLBO) algorithms [18] . The other meta-heuristic algorithms are grey wolf optimization (GWO), moth-flame optimization (MFO), salp swarm algorithm (SSA) and hybrid particle swarm optimizationgravitational search Algorithm (PSO-GSA) which are implemented in [19] to handle partial shading conditions towards achieving GMPP.
As MPPT becomes an attractive topic, the improved versions of bio-inspired algorithms were proposed similar to improved versions of traditional methods. That are namely, modified particle swarm optimization [1] , improved differential evolution algorithm [20] and modified cat swarm optimization (MCSO) [21] . Further, the authors introduced hybrid algorithms by combining the features of one or more algorithms, namely variable perturbation frequency (VPF) [22] with P&O and PSO. In [23] , by combining the features of PSO variants with HC algorithm, authors proposed simplified accelerated particle swarm optimization (SAPSO). Accelerated particle swarm optimization is proposed in [24] by considering P&O and basic PSO to overcome longer convergence time. Hybrid Gaussian process regression-jaya (GPR-Jaya) algorithm was introduced in [9] , whereas a comprehensive improvement on the artificial fish swarm algorithm (CIAFSA) was proposed in [25] .
Hybrid grey wolf optimization with fuzzy logic control (GWO-FLC) method was reported in [26] . TSPSOEM is proposed by combing the algorithms PSO and shuffled frog leaping algorithm (SFLA) in [27] . From the extensive research done by various researchers, the noticeable remarks and limitations of their methods are presented in Table 1 . The commonly observed limitations of the above algorithms are less consistency to achieve MPP, fails to reach GMPP under a rapid and dynamic change in irradiation, adaptive step method consumes more time to meet GMPP, and performance slow in convergence [34] . Some of the bio-inspired algorithms exhibit very less trade-off between exploitation and exploration, which cause fluctuations around MPP and settles at LMPP during high shade conditions [17] . Due to the drawbacks as mentioned earlier, PV system tracks very less amount of power; which greatly effects, the efficiency and payback period. Additionally, from the comparative Table 1 , it is observed that most of the researchers improved the performance of algorithms by tuning some parameters and many of them failed to consider their method under dynamic irradiation conditions. Besides, very few authors considered the statistical analysis to exhibit the efficiency of their techniques. The other significant gap noticed from the literature is, none of the researchers attempted to introduce chaotic behavior in the application MPPT which will dramatically enhance the performance of the optimization algorithms when dealing with non-linear objectives [35] - [38] .
Therefore in this article, authors proposed the chaos theory into optimization algorithms. By recognizing the dynamic and randomization features of chaos maps, optimization algorithms maintain a perfect trade-off between exploration and exploitation process [35] , [36] . With this motivation, authors in this article introduced variants of chaotic optimization algorithm for the application MPP irrespective of the environmental conditions, including with various dynamic shade patterns. By introducing the chaotic behavior to the conventional FPA, the proposed algorithm is named as novel chaotic flower pollination algorithm (C-FPA). In this method, three well known chaotic maps; logistic, sine, tent maps are considered along with basic FPA. The main features of this article can be summarized as follows; -A novel method of chaotic FPA variants with logistic, sine tent chaos maps are introduced to achieve global maximum power point.
-The performance of the proposed method is evaluated under uniform and dynamic change in irradiation conditions over a PV string 4S configuration designed with Shell S36 module.
-The obtained results exhibit the superiority of chaos maps in-terms of convergence speed, tracking MPP without any steady state oscillations, high consistency and efficiency compared to basic FPA.
-Applicability of the proposed chaos variants are supported by statistical analysis and recommends the best chaos map that tracks GMPP under uniform and dynamic change in irradiation conditions. The remaining sections of the article are organized as follows; Section II details the selection and modeling of PV cell with basic design equations. The effect of partial shade and its characteristics are discussed in section II-A. Section III introduces the proposed optimization algorithm variants, the employed chaos maps and implementation steps for the application of MPPT. Section IV presents the analysis and the result of the proposed variants and basic FPA towards achieving GMPP. Finally, section V summarizes the primary outcomes and the conclusions.
II. PHOTOVOLTAIC MODELS
The modeling of PV cell is considered as high priority by numerous researchers, since, the nonlinear characteristics and change in environmental conditions greatly effects the performance of PV cell. The accurate PV cell can be developed with the help of single or double diode models. Single diode model (SDM) is popular due to its accuracy, easier to design and involves less parameters [1] . The electrical equivalent circuit of SDM is shown in Fig. 1 . It consists of current source (I ph ), diode D, series resistance (R s ) and shunt resistance (R sh ). The (R s ) and (R sh ) exhibits contact and leakage losses respectively [1] . By applying KCL to the equivalent circuit, the total current produced by PV cell can be given as in (1) .
where I ph , I o , R s , and R ph are respectively PV current, leakage current, series and shunt resistance. a and V t represent ideality factor of a diode D and thermal voltage respectively and it can be given as V t = N s kT q . Here, k is Boltzmann constant and its value is 1.35 * 10 −23 J /K , T is temperature of a PV cell in Kelvin, q and N s are charge of electron (1.6 × 10 −19 C) and number of cells in series. I ph and I o can be calculated by using (2) and (3)
where k i is coefficient of short circuit current, I ph STC represents pv current under standard test conditions (STC) i.e., 25 • C and 1000W /m 2 . (4) where N pp , N ss represents the number of parallel and series connected PV modules.
A. PARTIAL SHADING AND ITS EFFECTS
The PV plant is designed with PV modules connected in series and parallel to meet the required load [4] . Further, due to the presence of passing clouds, bird droppings, building shadows and dust, all PV panels may not receive an equal amount of irradiation [1] . Hence, it results in uneven irradiance known as partial shading. With this scenario, the current generated by the PV string is equal to the current generated by the shaded PV panel. Besides, the shaded PV panel loses its capability to generate current, and the temperatures of that particular panel increases, which causes hot-spots, thus damaging the PV panels. To overcome this drawback, a bypass diode can be connected across each panel. To understand the effect of partial shading in detail, in this article, authors considered three different shading patterns over a string of 4 PV panels connected in series (4S), designed with Shell S36 PV module. The specifications of the S36 PV module are presented in Table 2 . For each string, a blocking diode is connected to avoid the reverse flow of current. The three different shade patterns are shown in Fig. 2 (a) and are as follows; 1) Pattern 1: Zero shade condition. In this pattern, all the PV panels (M 1 , M 2 , M 3 , M 4 ) will receive equal irradiation (1000W /m 2 ). All the PV panels will generate an equal amount of current. Therefore, it generates a P-V curve with a single peak with maximum power. The single peak is considered as GMPP, which is represented as P1 in P-V curves of Fig. 2 4 , the current generated by the PV string will be equal to shaded PV modules current. Moreover, the presence of a bypass diode across each panel will help to bypass the maximum current generated by un-shaded PV panels. Due to this difference in currents, it will generate two different peaks in P-V curves, which are represented with P 2 and P 3 , as shown in Fig. 2 Fig. 2(b) . In these four peaks, only one point (P 6 ) is known as GMPP, and other points are considered as LMPP.
Hence, due to partial shade conditions, there exist multiple peaks over P-V curves. The conventional and other evolutionary based algorithms will have difficulty to reach GMPP due to the presence of multiple peaks. The power generating capacity reduces greatly, thus affecting the performance of the PV plant. Hence, in this article, the authors presented a novel and robust MPPT technique with chaotic variants of FPA to track maximum power irrespective of any shade conditions.
III. IMPLEMENTING CHAOTIC FLOWER POLLINATION ALGORITHM AS MPPT
The Flower Pollination Algorithm (FPA) was widely utilized in several applications and has shown its superiority over particle swarm optimizer and genetic algorithm [39] - [41] . Yang developed FPA via emulating the mating process in the plants [42] . The biological evolution in the flowers is implemented in FPA technique, where the main purpose is the survival of the best and with the most optimum reproduction. Unfortunately, the control parameters of FPA and the initialization of the population's size have a large impact on its performance. Therefore, a new approach was discussed to replace these parameters with chaos maps to provide adaptive tuning of these parameters. As a result, the chaotic flower pollination algorithm is introduced. In the current work, three chaos maps included logistic, sine, and tent maps are merged with FPA to implement maximum power point tracking. The implementation details of C-FPA as MPPT is discussed in the following subsection.
A. CHAOTIC FLOWER POLLINATION ALGORITHM VARIANTS (C-FPA)
The pollination in plants inspires FPA. The biological aim from this process is the survival of the fittest species and the most optimum reproduction. To achieve this biological target, the pollination process occurs via biotic or abiotic processes. In the biotic process, the bats, honey bees and insects transfer the pollen between two different flowers while abiotic process concerns with the self-pollination process where the pollen is transferred from one flower to fertilize the same flower [42] . The mathematical representation for these processes is modeled as follows. In FPA algorithm, it is assumed that the global pollination occurred during the biotic process and can be mathematically represented as follows:
where U T i indicates the solution vector i at iteration T , the G * is the global solution happened so far. γ is a scaling factor to control the step size. L(λ) is the levy factor responsible for the transfer of pollen between different species of flowers and it is computed as follows [42] :
where (λ) is the gamma function. This approximation is proved for large steps, d > 0 as d is step size and the value of d o can be as small as 0.1 [42] . The abiotic process is recognized for the local pollination process and is formulated as follows [42] :
where U T l , U T k are two different pollens of same plant species, and is drawn from a uniform distribution ∈ [0, 1]. In FPA, the transformation between the global an local pollination process is controlled by a switching probability factor, S W , where its values was selected in the interval ∈ [0.2, 0.8] [42] .
Based on the descriptive equation for the FPA algorithm, it is obvious that the motion and the solution of the populations are controlled by parameters such as S W and . Moreover, the initialization of the population influences the search space and behavior of FPA. In FPA, Gaussian and uniform distributions are utilized to generate these parameters and the initialization process. In literature, it was proved that employing the chaos systems with the meta-heuristic algorithms in the place of the uniform and Gaussian distributions enhance their consistency, accuracy, and convergence decaying rate [43] - [45] . The chaos has dynamic characteristics of ergodicity and randomness. Based on these features, the exploration phase of the algorithm is enhanced, and the convergence is prematurely avoided. Further, this method reduces the possible data redundancy [45] . Therefore, in the current work, the chaos maps are applied to identify the initial population, the probability switch (S W ) and of FPA. As a result, Chaotic Flower Pollination Algorithm (C-FPA) variants are introduced.
In this paper, three types of one dimensional chaos maps are employed. The utilized maps are Logistic, Sine and Tent chaos maps. Their mapping were expressed as follows:
• Logistic map [46] 
where x T is the T th chaotic number, T is the times of iteration, b is the control parameter of chaotic behavior and equals to 4, to ensure a complete chaotic state.
x ∈ (0,1) under the initial condition x 0 ∈ (0,1). Therefore, x 0 is selected to be 0.7.
• Sine map [47] can be defined as follows:
where a is the control parameter of a chaotic behavior of sine map. Its value equals to 4. The initial condition, x 0 = 0.7.
• Tent map [36] can be expressed as follows:
where the initial condition, x 0 = 0.6.
B. MPPT BASED ON CHAOTIC FLOWER POLLINATION ALGORITHM
Recognizing the advantages of merging the chaos maps with meta-heuristic optimization algorithms, authors in this paper have attempted to track GMPP for the first time. Thereby, it enhances the wide search range and prevents premature convergence. In the novel MPPT technique, the chaos maps are used to produce the initial population and to tune the parameters of a basic version of FPA. Therefore, it helps in increasing the performance in tracking GMPP during partial shade conditions. The flowchart of C-FPA optimizer of MPPT is shown in Fig. 3 .
IV. SIMULATION AND RESULTS
To appraise the tracking performance of the novel C-FPA based MPP tracker, three different partial shading patterns are utilized. The dynamic and abrupt variation between the partial shade patterns is investigated as well to evaluate the robustness and stability of the proposed variants. Intensive comparison is carried between the C-FPA variants and the standard FPA to clarify the influence of utilizing the chaos maps for the first time in the MPPT system. The performance is compared in terms of tracking speed, tracking time, stability, and efficiency. Further, an extensive statistical analysis is carried out over several intervals of simulation time to determine the consistency and reliability of the novel MPPT method. For a fair comparison, each algorithm is simulated for 10 independent runs. All the algorithm variants are coded and implemented on ''MATLAB 2018'' platform on a laptop with Core i7-6500U CPU, 2.5 GHz of speed and 4 GB of RAM.
The applied statistical analysis proves the effectiveness of the proposed algorithm. The performance factors considered are root mean square error (RMSE), mean absolute error (MAE) and standard Deviation (STD). The efficiency of used variants in tracking the maximum global power is computed over several intervals of simulation time. The mathematical formula of these metrics are modeled as follow:-Efficiency (η)
Root Mean Square Error (RMSE)
Mean Absolute Error (MAE)
Standard Deviation (STD)
VOLUME 7, 2019 where P pv ei andP pv ei are the average power over number of runs and it is calculated for each run (i). P pv m is the measured global PV power. K is the total number of the runs. The schematic diagram of the developed MPPT system is shown in Fig. 4 . It is composed of a DC-DC boost converter with input inductance is 30 mH, the output capacitor is 100 µF with load resistance 100 . The sampling time between duty cycles is 0.03 sec. 
A. SIMULATION STUDY UNDER PARTIAL SHADING PATTERNS 1, 2 AND 3
In the first part of the discussions, the C-FPA is tested with the shade patterns as given in section. II-A and compared with FPA in terms of tracked power values, tracking speed, and efficiency in attaining GMPP. Statistical analysis is described in detail in the following subsections.
1) TRACKING SPEED AND ACCURACY STUDY
To study the reliability, efficiency, and accuracy of the proposed algorithms in tracking the GMPP in each pattern, the mean convergence curves for the tracked PV power, and duty cycle over the number of runs are plotted and reported in Table 3 for the three patterns.
For pattern 1, as illustrated in Fig. 2(a) , a single global peak is generated in the P-V characteristics at 148.693 W, and can be observed from Fig. 2(b) . This pattern is considered as the most straightforward condition for all the algorithms, since, all PV modules receive an equal amount of irradiation. The mean convergence curves of the power and duty cycle are presented in the first column of Table 3 . From these figures, it can be noticed that C-FPA variants converged for a higher value of power with zero oscillations and nearly at 50 % of the time required in the case of FPA. The C-FPA variants logistic, sine and tent maps can track 148.512 W at 1.523 sec, 2.168 sec, and 1.249 sec respectively. However, FPA tracks 144.908 W in 3.333 sec. Also, C-FPA variants show more stable performance as they show zero oscillation around MPP.
However, in the case of FPA, continuous oscillations can be observed around MPP until 3.33 sec before starting to converge.
For pattern 2, C-FPA and FPA try to distinguish between the GMPP and LMPP from the PV characteristics as PV string receives two unequal levels of irradiation, as shown in Fig. 2(a) . Due to this unequal irradiation, PV system generates two peaks with power values of 69.742 W (GMPP) and 43.978 W (LMPP). The two peaks are highlighted with points P2 and P3, respectively, and are presented in Fig. 2(b) . Similar to pattern 1; the obtained mean tracking power and duty cycle plots for pattern 2 are presented in the second column of Table 3 . From the figures, it can be seen that FPA converges to power value equaled to 69.623 W in a duration of 2.333 sec and can observe the oscillations around MPP. C-FPA variant with logistic map tracks maximum power of 69.709 W at 0.995 sec. C-FPA with sine and tent maps tracks 69.71 W at 1.316 sec and 1.354 sec, respectively. From the above tracking power and convergence time, it is noteworthy to mention that, a logistic map shows its superiority by taking less time to converge and tracks the high value of power compared to other variants including with FPA.
Finally, pattern 3 is assumed to have a strong shade pattern by considering non-homogeneous irradiation levels on PV string. Sequentially four, peaks are produced in the P-V characteristics and that are indicated with points P4, P5, P6, and P7 as shown in Fig. 2(b) . Among the four peaks, point P6 is considered as GMPP with power values of 57.616 W, and other points P4, P5, and P7 are treated as LMPP which generates power of 51.005 W, 46.415 W, and 30.301 W, respectively. Based on the simulation carried out, the obtained mean power and convergence curves for pattern 3 are plotted in the third column of Table 3 . From the presented results, it can be seen that FPA tracks mean power of 56.121 W at 3.33 sec with the presence of high oscillation, while the C-FPA with sine map produces power of 57.376 W at 1.228 sec before settling. For C-FPA with logistic and tent maps generates power of 57.4 W in 1.231 sec and 0.769 sec respectively without any oscillations around MPP. Therefore, merging the chaos maps with the basic version of FPA helps in generating high power with reduced tracking time nearly by 70% from consumed time by standard FPA during non-homogeneous irradiation conditions. From the results above, the chaotic tent variant proves its robustness by producing high values of power in shorter tracking time without any oscillations.
2) STATISTICAL COMPARATIVE STUDY
For the extensive verification of the robustness and consistency of the proposed method, the efficiency in tracking the MPP at each second over the entire simulation is determined. To assess the consistency of the proposed methods, the efficiency curves for 10 independent runs for each second by second is plotted and presented in Table 4 for the three patterns. Additionally, a statistical analysis is performed between the three chaotic variants and FPA. For a critical understanding TABLE 3. Simulated mean power, and duty cycle of FPA and C-FPA variants for 4S PV string for the tested three patterns over the independent number of runs.
of statistical analysis, the metrics have been calculated and presented in Table. 5.
For Pattern 1, the obtained efficiency curves are presented in 1 st row of Table 4 . From the efficiency curves, it is observed that the efficiency of FPA is varied from 70 % to 99 % at 1 st second and during 2 nd and 4 th seconds, it varies from 90% to 99%. Whereas, in the case of C-FPA variants, it shows nearly constant efficiency over the entire simulation time. Here, the chaotic tent map achieves the mean efficiency of 99.8789 %. From the above-presented efficiency curves, it reveals that FPA exhibits inconsistency in tracking the GMPP and also achieves less efficiency.
The efficiency curves of pattern 2 are presented in 2 nd row of Table 4 . Based on the efficiency curves, it is concluded that the C-FPA variants are more efficient and reliable than FPA. The C-FPA provides higher and more consistent values of efficiency overall seconds and for all 10 independent runs. This can be observed, especially in the cases of the tent and logistic maps.
Pattern 3 is tested under hard partial shading conditions. Similar to the above two cases, the plots related to Pattern 3 are presented in 3 rd row of Table 4 . The FPA efficiency varies between 75% to 99%, while the C-FPA variants perform the high efficiency with fewer variations over entire simulation time for 10 independent runs. Thereby it can be concluded that C-FPA variants show robust, superior performance, high efficiency, consistency in tracking GMPP over FPA irrespective of shade conditions.
In addition to the efficiency curves, the performance indicators were also calculated using formulae presented in (12) , (13), (14) . The obtained values for 3 patterns are presented in Table 5 . From the results presented in Table 5 , it is understood that the RMSE value of FPA for pattern1 is 7.05646, which is much higher than C-FPA RMSE values, which in the range of 0.18134. Similarly, the achieved efficiency by C-FPA variants are also higher than FPA; it indicates the superior performance of C-FPA variants. For pattern 3, the mean efficiency of the C-FPA tent map achieves 99.737 % with a tracking time of 0.769 seconds in spite of the rigorous partial shading conditions. The values of STD (STD = 1.351 × 10 −7 ) shows high consistency of the method than other variants including with FPA. Consequently, the chaos maps enhance the exploration phase of the standard algorithm that helps in avoiding to settle in the LMPP in a short time.
By the end of this subsection, it is evident that cooperating the chaos maps into the FPA for the initialization, and the adaptive adjusting of its parameters increase the consistency of the algorithm under all shade conditions. Moreover, C-FPA variants provide higher power than FPA with least tracking time, that equal to 50 % of FPA especially tent map for the 1 st and 3 rd pattern and all of the maps for pattern 2.
B. SIMULATION STUDY UNDER THE DYNAMIC CHANGE IN IRRADIATION
In continuation to the previous test conditions, the developed algorithms were also tested under a dynamic change in irradiation conditions to strengthen the superiority, robustness, reliability, and efficiency of proposed variants (C-FPA). In practical and real-time conditions, the PV array experiences dynamic variations in shade due to the change in environmental conditions. So, testing under dynamic change conditions become essential. Therefore, in this work, step change in the irradiation is considered at different samples of time under two cases.
In the 1 st case, the incident irradiation levels on the PV string is changed from the uniform distribution as in pattern 1 to partial shading condition as in pattern 3. Each algorithm is simulated for 10 independent runs over the previously mentioned stages. The best and worst tracking performance by each technique is plotted in Tables. 6. In this case, the irradiation levels changed from pattern 1 to pattern 3 at 2.25 sec and it is highlighted in figures with dynamic change in irradiation. Due to change in irradiation, the algorithm start to reinitialize itself to track the MPP in shorter time. The position of reinitializing search can observed from the plotted curves. From the plotted best and worst run figures in Table 6 , it can be notice that, chaotic variant tent map get converge in 0.767 sec and generates maximum power in both best and worst run conditions. But, in case of FPA for best run, it takes 1.441 sec to get converge. However in worst run condition, it is not able to get converge even after 2.153 sec and there exist huge oscillations around MPP. The occurrence of oscillations are fully nullified in C-FPA variants.
In 2 nd case, the PV string is experienced for variations between two partial shading conditions from pattern 2 to pattern 3. The irradiation levels on the PV array changes from pattern 2 to pattern 3 suddenly after 2.7 sec. Simulation has been carried-out for 10 ten independent runs, and the obtained best, worst power and duty cycle curves were presented in Table 7 . The best and worst convergence curves in Table 7 show that a noticed deviation between the best and worst runs of the FPA, whereas in C-FPA variants this drawback is sorted-out and provides more consistent and close results over all the number of the independent runs. Moreover, C-FPA variants are so sensitive for the variations in irradiation levels as they consume a shorter time to track the GMPP than FPA with least oscillation. FPA fluctuates around MPP trying to get convergence while that takes many seconds which reflects on the efficiency of the MPP tracker system.
It is clear from the results that, the best-tracked power values by FPA are less than the worst one by the C-FPA variants. Further FPA executes longer tracking time. On the other hand, the best and worst runs of C-FPA are much close in the extracted power, efficiency and tracking time especially in case of tent map as reported in Tables.6, and 7 . Accordingly, it can be concluded that combining the tent map with FPA has several merits as it reduces the tracking time about 50 % from that required by FPA, it increases the stability and the efficiency of the GMPP tracking system, as well as it provides a better dynamic response for the MPPT novel method (C-FPA).
V. CONCLUSION
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